One of the most important parameters in designing of sewer structures is the ability to accurately 
field around junctions. Bonakdari and Zaji [32] introduced a new Genetic Algorithm (GA) based Artificial Neural Network (GA-ANN) method in order to simulate the open channel junction velocity field without needing to adjust the hidden layer neurons. The authors concluded that GA-ANN method has better performance compare with other GA methods such as GP.
The aim of the present study is to obtaining an analytical and thus continuous description of the complex discharge and velocity fields of open channel sewer junction using the discrete laboratory measurements. To do that, some popular regression methods namely RBF, GEP, and MNLR are developed. In the modeling procedure, the non-dimensional coordinate points (x*, y*, and z*) and junction discharge ratio (q*) are considered as the input variables candidates to predict the discharge and velocity fields. After finding the optimum input combination, three different equations were proposed in order to simulate the longitudinal flow field at junction's downstream in the practical situations. Finally, the surface integral is used to reach the discharge simulation of the junction.
Experimental data
Weber, et al. [11] perform a high quality experimental study on open channel junctions that is used in various Computational Fluid Dynamic (CFD) studies in order to calibrate and validate the numerical models [16, 17, 20] . The result of the Weber, et al. [11] experimental measurements is used in this study, for the training and testing processes of the investigated models. The experiments were performed in a junction flume with 0.91 m width and 90° confluence between the main and tributary channels. The floor of the flume is horizontal and two 4 head tanks are on the main and branch channels to supply the discharge. In order to have a completely developed flow near the junction, some perforated plates and honeycomb were placed at the beginning of main and branch channels. The schematic overview of the laboratory flume is shown in Fig. 1 . The coordinates of each point are non-dimensionalized by the channel width (x / b = x*, y / b = y*, and z / b = z*). The longitudinal velocity is non-dimensionalized with the tail water velocity that remains constant in the experiments (u* = u / 0.628). The q* (Eq. 1), is the ratio of the upstream to downstream main channel discharges.
where Q m is the upstream main channel discharge and Q t is the tributary discharge. This study is conducted in various amounts of q*; that is shown in Table 1 . Table 1 3 Methodology
In this section, the used numerical methods are investigated. After that, the statistics that are used in order to evaluate the model's performance are represented.
Radial Basis Function Neural Network (RBF)
Because of the advantages like easy to design, high tolerance to input noise, good generalization the nonlinear problems, and the ability of online learning, RBF is become one of the most popular neural network methods. The RBF [33, 34] , is formed from some radial functions. The amount of the radial functions are directly related to the distance from the origin [35] . Input layer transformed the input variables into the non-linear future by using the radial functions. After that, the output layer, prepared the output of the model by using a linear regression between the radial functions. For this reason, the output layer performed a weighted summation of the radial functions. Weight of each radial function indicates the impact of that function on the model output. These weights are determined by using the least squared method. The value of a radial basis, that is shown by φ(x,c), is increases with the radial distance r=||x-c||, where x is the input and c is the radial function center. A radial function with N dimension and the linear regression result of an RBF is shown in Eqs. (2 and 3).
Due to the linear determination of the radial functions in the output layer, the RBF neural network is considered as one of the fast convergence neural networks [36] .
Determination the correct numbers of hidden layer neurons and the spread amount is one of the most important processes of the RBF modeling and directly affected on the model performance. appropriated number of hidden neurons and the amount of spread [28, 36] .
Gene Expression Programming (GEP)
The GEP, as a developed model of GP [37] , is a computer program based method. The output of this method is presented by some subtrees that are linked with each other by linking mathematical functions. The algorithm of the GEP method is similar to the GA. However, GEP uses the computer programs instead of chromosomes in GA. First, the computer programs of the initial population are randomly generated and, after that, the cost of each computer program is determined by using the considered fitness function. After that, by using the elite, mutation, and crossover processes, the next generation is constructed. GEP follow an evolutionary process and the generation reconstruction is repeated until it reaches the determined number of generation or accuracy [38, 39] .
In this study, various functions, which is allowed to use in the computer programs, and different subtree linking functions are investigated in order to find the optimum GEP model. Other parameters of the models are presented in Table 2 according to Ferreira [39] . Table 2 
Statistic errors
In order to have a comparison between the numerical models, the Mean Square Error (MSE), correlation coefficient (R), Mean Absolute Error (MAE), average absolute deviation (%δ), Scatter Index (SI), and BIAS are used. The closer amounts of the MSE, MAE, %δ, SI, and BIAS indexes to zero and the closer amounts of R to one represent the higher performance of the models. The consider statistics are described in Eqs. (4) (5) (6) (7) (8) (9) .
In this equations, , * io u and , * ie u are the i th non-dimensional observed and estimated velocity, respectively and n is the number of investigated samples.
Results and discussion
The aim of this section is to investigate the RBF, GEP, and MNLR methods in the open channel junction longitudinal velocity field and discharge simulations. Using the Weber, et al. [11] laboratory measurements, total of 5466 samples are used in order to develop the models. The 80% of the entire dataset (4373 samples) are separated randomly for the training process, and the remained 20% (1093 samples) is considered as the testing dataset. The input variables of the models are non-dimensional coordinates of each point, x*, y*, z*, and the discharge ratio, q*.
The results are presented in two parts. The goal of the first part is to simulate the nondimensional longitudinal velocity, u*, by using the investigated models. In addition, three different equations are proposed in this part that could simulate the velocity field in the practical situations. In the second part of results, by using the surface integral equation, the junction's downstream discharges were simulated, and the results of the investigated models were compared.
Velocity field simulation
The longitudinal velocity field of the open channel junction's downstream is simulating in this section. The performance of the RBF is directly related to the optimum selection of the model's parameters. In order to find the hidden layer neurons number and the amount of spread in the RBF neural network, two loops are added to the main RBF program. One changing the spread amount and the other one changing the hidden layer neurons number. Figure 2 shows the performance of each model in various spread and hidden layer neuron numbers. In each situation, the performance of the model is represented by Root Mean Squared Error (RMSE).
From this figure, the RBF with 20 hidden layer neurons number and the spread value of one has the most appropriated performance.
Fig. 2
The RBF output is presented in Eq. (10). Various parameters are effected on the GEP performance. Among them, the mathematical functions that are allowed to use in the computer programs is the most important. Six different mathematical function combinations are examined in this study in order to find the most appropriated one. From Table 3 , the F2 mathematical function combination with RMSE of 0.2456, has the highest performance compared to other models. From this table, it is obvious that increasing the complexity of the mathematical function combinations does not always lead to higher performance of the computer programs.
Table 3
As mentioned before, GEP's output is constructed from some subtrees. Subtrees are linked with each other by using a determined linking function. Many studies used the additional linking function to connect the output subtrees [30, [40] [41] [42] [43] [44] . However, in this study, the division linking function with RMSE of 0.2361, has the highest performance compare with the addition, subtraction, and multiplication linking functions with RMSE of 0.2456, 0.2820, and 0.2491, respectively. The output of the GEP model by using the second mathematical function combination and division linking function is presented in Eq. (11) . 
Performance of the RBF, GEP, and MNLR models are shown in Table 4. According to this table, the GEP, with MSE of 0.056, has higher performance compared with the RBF and MNLR models with MSE of 0.067 and 0.137, respectively. In addition, it is evident that the GEP and RBF models are significantly more accurate in simulating the open channel junction longitudinal velocity field simulation. The close performance of the considered models in test and train datasets shows that there is no over-training occurred in the models.
Table 4
A comparison between the experimental measurements u* and the RBF, GEP, and MNLR predicted u* were presented in Figs. 3, 4 , and 5, respectively. In each figure, the upper plot is the comparison between the experimental and numerical u* is the entire test dataset, and, in order to have a higher resolution comparison, the down plot compare the experimental and numerical u* in the 500 th to 700 th samples of the test dataset. From this figures, it could be seen that MNLR
shows the lowest performance in simulating the longitudinal velocity. The RBF and GEP models have a close performance. However, by using the lower plots, it could be concluded that GEP has the higher performance in modeling the flow field on the open channel junctions. 
Discharge simulation
Designing the sewer systems necessarily need to the ability to accurately prediction the flow discharge. Because of the crucial role of discharge on sewer structures, there are many studies performed on this topic [45] [46] [47] [48] [49] [50] . Fortunately, using u* simulation that is developed in the last part and using the surface integral on the cross section zones, the discharge of the junctions are simulatable. The discharge can be modeled by using u* according to the following equation:
where Q is the discharge and u* is the longitudinal velocity of open channel junction. In this equation, A represent the cross-sections that are investigated in the x* direction. In this study, the cross sections of x* = -1, -1.33, -1.66, -2, -2.33, -2.66, -3, -3.33, and -3.66 were investigated (according to Fig. 1 ).
The results of the discharge simulation are plotted in Fig. 7 . In this figure, the discharges were simulated in various q* amounts. In the Weber, et al. [11] 
where Res i is the residual of i th simulated sample according to the experimental one, Res is the average of the entire dataset residuals, and N is the number dataset's samples.
By the definition, almost the 95% of the dataset frequency are limited between the Avg-2×SD to the Avg+2×SD. Where Avg is the average of entire dataset. From Fig. 7 , despite the velocity field prediction that is presented in the last part of results, the RBF model with Avg+2×SD of 0.180, has the higher performance compared with the GEP model with Avg+2×SD of 0.182. This is an important result that the model with high accuracy in modeling the flow field velocity could have a lower performance in modeling the discharge. Actually, the high accuracy of the models in discharge prediction is related to capability of the model to simulate the mean velocity of the investigated section. Similar to the last part, the MNLR model has the lower performance compare with the RBF and GEP models.
Fig. 7 5 Conclusion
Simulating the velocity field and discharge of the sewer junctions are investigated in this study.
In order to simulate the complex 3D velocity field in the junction's downstream, the nondimensional coordinates of each point (x*, y* and z*) and discharge ratio (q * ) are chosen as the input variables. The modeling processes are done by using the RBF, GEP, and MNLR methods.
In order to find the optimum RBF model, various hidden nodes number, and spread amounts are despite the velocity prediction, the RBF method has higher accuracy in modeling the discharge compare with the GEP method. Therefore, it was concluded that a model with high accuracy in velocity field prediction could be weak in the discharge simulation. In both velocity field and discharge simulations, the MNLR method performs significantly lower than the RBF and GEP methods, and it was concluded that this model could not be used in the complex velocity prediction around the junction. Because of the practical equations that is presented in this study, and also the non-dimensional input and output variables that is used in the models, the results of the investigated methods can be utilized in the future researches and the practical situations. Table 1 The considered discharge ratios. Table 4 Statistical indexes for trained and tested datasets. Table 4 Statistical indexes for trained and tested datasets. 
